This paper presents a data mining (DM)-based approach to developing a watershed water quality evaluation model (water quality evaluation model based on data mining (WQEMD)) as an alternative to physical watershed models. Three DM techniques (i.e. model tree, artificial neural network, and radial basis function) were employed to develop a WQEMD based on watershed characteristics (e.g. hydrology, geology, and land usage). To represent watershed characteristics, three cases and ten scenarios were considered. The three cases were defined as (1) the size (area) allocation of subwatersheds, (2) the watershed imperviousness ratio, and (3) the combination of the area and imperviousness ratio. The ten scenarios were composed of the following parameters; impervious, pervious, land usage, rainfall, slope. The best WQEMDs were subsequently developed using statistics (correlation coefficient, mean-absolute error, root mean-squared error, and root relative-squared error). In addition, the WQEMDs developed were then verified using the Geum-Sum-Youngsan River watershed. The percentage difference of biochemical oxygen demand (BOD), total nitrogen (T-N) and total phosphorus (T-P) were 30.6%, 23.44%, and 2.79%, respectively. The results show that a WQEMD developed in this way is effective and can be used in place of a physical watershed model and is useful to aid in determining areas having the best potential for successful remediation.
INTRODUCTION
Over the past decade, population pressure, land-use conversion, and its accompanying pollution, appear to be the major diffuse pollution problems of today (Novotny ) . Increasing impervious surface has affected urban stream hydrographic conditions and resulted in significantly higher and earlier peak-discharge rates, increased pollutant loads, increased stream temperatures, increased streambank erosion, and other adverse effects on stream biota, To deal with these problems, various watershed models have been applied to estimate and analyze watershed management and restoration plans (Cho & Roesner ) .
Watershed models can be classified as either physically or empirically based models depending on the modeling process and basic assumptions for calibration. In general, the data and computation requirements of a physically based model are enormous for calibration; this process is extremely complicated and time-consuming (Daniel et al. ) .
In addition, on many occasions, acquisition of these data may be unavailable or expensive (Chau et al. ) . Therefore, considering the cost/product factor, if the result of data mining (DM) provides similar accuracy levels compared to a physically based model, the DM approach nationwide watershed models should be adapted before applying watershed restoration or rehabilitation measures (Singh & Frevert ; Novotny ) .
Therefore, there is a great need for simplified methods by which to evaluate watershed environmental conditions, which could also be used to forecast the effects of restoration. To face these issues, researchers studied various DM techniques which are model tree (MT), artificial neural net- The objectives of this research were to establish a computation-efficient water quality evaluation model based on data mining (WQEMD) and to advance a decision-making system that utilizes data such as land coverage and watershed areas. According to the geographical names, the maps were re-drawn on the digitized topographical map base using ArcView GIS 3.2 ver. software to complete editing, labeling, projection, transformation, edge matching and overlaying processes.
Land usage Pervious & impervious, urban, agriculture, forest, grass, wetland, barren, water 2008 Pervious & impervious, urban, agriculture, forest, grass, wetland, barren, water -2010 COD: chemical oxygen demand; BOD: biochemical oxygen demand; T-N: total nitrogen; T-P: total phosphorus. In order to discover the relationship between water quality and watershed characteristics, several scenarios involving combinations of land usage and imperviousness were assumed, as shown in the following section. 
PARAMETER SELECTION PROCESS
The correlation between land use types, and water quality parameters, has been studied by many researchers. Based on results from previous research, it has already been verified relationship with water quality (CWP ; Conway ).
Therefore, land use and imperviousness were employed to find the correlation between watershed characteristics and water quality in this research.
To develop a WQEMD for watershed water quality forecasting, three steps were assumed. The first step takes into consideration the area size of sub-watersheds, the second step considers the imperviousness ratio, and the last step considers both the area size and imperviousness ratio.
Pertaining to the areal-size allocation of a subwatershed, the Korean peninsula was divided into the watersheds of three rivers. The correlation between land use and water quality, was not constant in different regions.
This was because the characteristics and pollution sources of different watersheds were not the same (Tu ). The three groups of watersheds, and the three steps taken, followed the same process as the development of a WQAM (Cho ).
Allocation to each scenario
The Han River, the Nakdong River, and the Geun-SumYoungsan River are shown in Figure 1 . with water-quality impacts (Conway ) . In this case, imperviousness is divided into four intervals -below 20%, 20-25%, and over 30% which is shown in Table 3 . In order to consider both sub-watershed areas and the percentage of imperviousness among sub-watershed characteristics, sub-watershed areas are divided below and above 250 km 2 and their imperviousness cover is broken up into categories of 0-20%, 20-25%, and over 25%, which is shown Table 4 .
To identify critical parameters that have strong relationships with water quality, five parameters impervious, pervious, rainfall, slope, and land usage were combined with imperviousness and land usage in the ten scenarios shown in Table 5 .
METHODS AND ARCHITECTURE
Three new WQEMDs were established by application of the three cases and ten scenarios in MT, ANN, and RBF, as shown in Figure 2 . In order to determine the best WQEMD, the model-selection process, and the verification model with parameter estimation, were reviewed (Kutner et al. ) .
WQEMDs based on MT, ANN and RBF were implemented using Weka 3.6. 
MT
An MT is an extension of a regression tree because it associates leaves with multivariate linear models rather than with a zero-order model. There are two approaches in MTs:
MARS (multiple adaptive regression splines, Friedman )
and M5 MTs (Quinlan ). The MARS algorithm is implemented using MARS software, and the M5 MT algorithm is implemented using Cubist software, with some changes to the WEKA software (Slolmatine & Siek ).
The M5 algorithm was used to derive a MT, and this required two major procedures. The first procedure was to build the tree and the second was to provide inferences relating to the knowledge in the tree. An illustrative example is presented in Figure 3 In this study, the regression trees were tried unpruned and pruned, to determine the optimization results. The minimum number of instances was set to '4'.
ANN
ANN relates to the study of the human brain and nerve systems. A neuron, the basic element of a nerve system, is activated and produces output signals, when the value of an input signal is about a certain threshold. ANN is a computing system that numerically models these structures and operations. The schematic of the ANN is shown in Figure 3 (c).
In this study, the ANN model was built with a multilayer perceptron (MLP). In order to make conditions for MLP, 
where, k is the number of hidden neurons, w ij represents the weight associated with the connection between the function Φ j (Á) and the output neuron Ot, and W bias , i is the bias of the output neuron Ot.
The RBF model was built using the RBF network, which implements a normalized Gaussian-radial-basics-function network. The RBF network uses the k-means clustering algorithm to provide the basics functions, and then learns either a logistic, or a linear, regression. The Clustering Seed, minimum standard deviation, and number of clusters were set to '1', '0.1' and '4', respectively. In order to optimize the results, the number of cluster values chosen was from '2' to '5' or '6'.
Finally, the WQEMDs using MT, ANN, and RBF were evaluated and selected by computing correlation coefficient (CC), mean absolute error (MAE), root mean squared error (RMSE), relative absolute error (RAE), and root relative squared error (RRSE). In order to select the best WQEMD, CCs were first compared and the ones with higher CC were selected. However, if the CCs were equal, the WQEMDs with smaller RMSE and RRSE, and larger MAE and RAE were selected (Witten et al. ). 
RESULTS

DM (MT, ANN, and RBF)
The best WQEMD was derived from the first, second, and third cases using DM. The WQEMD CC values for the first case were higher than those of the second and third cases with the exception of the Nakdong River (Figure 4 and Table 6 ).
Therefore, the first WQEMD was selected as the best case. In order to simulate water quality, the equations shown in Table 7 , were used for DM. The 'Re-evaluate model on current test set' option of the Weka program was used for the WQEMD shown in Table 8 .
The data sets used for simulation of the Geum River watershed are shown in Table 5 . They include the categories pervious, impervious, rainfall, slope, and land usage.
Land usage was determined using Landsat TM data (Table 1 ).
Water quality data from the end site of each sub-watershed were used, particularly those of average water quality in 2010.
The results of water quality simulation using the WQEMDs are shown in Table 9 and in Figure 6 .
Comparing the WQEMD to the observed data in the BOD simulation, the results of DM have a trend similar to that of the observed data. In the T-N and T-P simulations, the result of the DM also resulted in trends similar to those of the observed data. 
DISCUSSION Parameters that influence water quality
In this research, imperviousness and land use were the main parameters used to develop the WQEMD. Scenarios 1 to 5
and Scenarios 7 to 10, were based on imperviousness and land usage, respectively. In Figure 7 , it can be seen that BOD and COD were influenced more by imperviousness (60% and 70%, respectively) than by land usage (40% and 10%, respectively). In contrast, T-N and T-P are influenced more by land usage (70% and 70%, respectively) than by imperviousness (30% and 30%, respectively).
Based upon the results of the selected WQEMD, we assumed that organic matter, like BOD and COD, was affected by both impervious and pervious surfaces. This means that organic matter could be influenced by rainfall runoff. On the other hand, nutrients like T-N and T-P were influenced more by land usage. Table 10 shows the different input data for both WQEMD and HSPF. Therefore, when it comes to input data, WQEMD could be very useful in the first stage, such as feasibility study, to compare each watershed's status of water quality include/Pan evaporation/Cloud cover Soils data (auxiliary data set to guide hydrologic calibration), pollutant buildup and wash off, stream dimensions or rating curves, and point-source loading inputs A large number of parameters need to be specified (some default values are available) and to decide the site priority for restoration as well as rehabilitation.
CONCLUSIONS
In this study, the best WQEMDs were selected after analysis of three cases and ten scenarios using MT, ANN, and RBF.
The qualities of the WQEMDs were determined using statistical criteria (CC, MAE, RMSE, RAE, and RRSE). This The models for the other watersheds (e.g. the Han and Nakdong River watersheds, especially having high Relative Absolute Error) should also be verified in order to select the WQEMD for each watershed, which might best enhance future research.
Finally, these results show that WQEMDs that relate watershed parameters to watershed water quality can be used for management purposes. Furthermore, they can be used to identify and prioritize restoration and rehabilitation areas in a watershed even though existing data are insufficient to satisfy the requirements of a physically based model.
